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Integrative Melecular Profiling : The NCI-60, ete. (the GBG and Cojlabojato)s)
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CellMiner: An Integrative Database/Tool for Molecular Profiling Data

Molecular Profile Data (transcript and protein profiles for TP53 in the NCI-60):

Cell Metadata (for the NCI-60 and drug-resistant cells):

| (Shankavaram, et al., Mol. Cancer Ther., 2007) |






http://mct.aacrjournals.org
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NimbleGen Systems, Inc.




Analyzing and Integrating Omic Data:




Statistics of High-Dimensional Omic Data
From Classical Statistics

Multivariate linear regression
Principal component analysis
Principal component regression (PCR)
Multidimensional Scaling
Partial least squares regression
Stepwise regression
ROC analysis
SAM, PAM, Gene Shaving
Correlation (Pearson, Spearman)
Cluster analysis (e.g., hierarchical)

® Clustered image map (e.g., Weinstein, et al., Science 275:343,1997)

Computer-intensive statistical methods

Bootstrap, Jackknife cross-validation

Monte Carlo data randomizations, permutation tests
Hidden Markov chain Monte Carlo

Hierarchical error modeling with Gibbs sampling

From Machine Learning

Neural networks (Weinstein, et al., Science 258:447,1992)
Kohonen self-organizing maps (SOMSs)

Genetic function approximation
Random Forest




Freely Available Bioinformatic Resources

from the Genomics & Bioinformatics Group, LMP, CCR, NCI
(Head: John N. Weinstein, M.D., Ph.D.; jw4i@nih.gov)

| (URL:discover.nci.nih.gov -- highlighted in Science (Netwatch) |

MatchMiner: translates among gene identifier types for lists of hundreds or thousands of genes. Includes:
GenBank accession numbers, IMAGE clone IDs, common gene names, HUGO names, gene
symbols, UniGene clusters, FISH-mapped BAC clones, Affymetrix identifiers, and chromosome
locations. (Bussey, et al., Genome Biology 2003; 4:R27)

GoMiner and High-throughput GoMiner (HTGM) leverage the Gene Ontology for large lists of genes, for
example in microarry experiments. HTGM deals with multiple microarrays in a study, providing
calculations and CIM graphics to integrate the data over the entire set of experiments (Zeeberg, et
al., Genome Biology 2003; 4:R28 and BMC Bioinformatics 2005:6; 168).

ClMminer: generates color-coded Clustered Image Maps (CIMs) (“heat maps”) to represent “high-
dimensional” data sets such as gene expression profiles. We introduced CIMs in the early 1990’s.
Clustering of the axes brings like together with like to create patterns of color. (Weinstein, et al.,
Science 1997; 275:343-349).

MedMiner: searches and organizes the biomedical literature on genes, gene-gene relationships, and gene-
drug relationships. MedMiner speeds up 5-fold the capture and organization of literature from
PubMed searches. (Tanabe, et al., BioTechniques 1999; 27: 1210).

AbMiner: relational database of commercially available antibodies and quality-control information on them.

LeadScope/ links molecular markers and the drug discovery process. It links gene expression profiles for
LeadMiner™:the NCI-60 (or other screening cell panel) to a set of 27,000 chemical substructure descriptors of
compounds tested against the cells. (Blower, et al., Nature's Pharmacogenomics J. 2002; 2:259)

SmudgeMiner: introduces new algorithms and visualizations for detecting regional artefacts on microarrays and
assessing their influence. (Reimers and Weinstein, BMC Bioinformatics 2005;6: 166)

MIMminer: electronic Molecular Interaction Maps (MIMs) (Kohn, et al., Mol.Biol. Cell 2006;17: 1)
CellMiner: DNA, RNA,and protein molecular profiles on the NCI-60 and drug-resistant cells in a queryable,
user-friendly web database/tool (Shankavaram, et al., Molec. Ca. Ther., in press).
SpliceMiner: Organizes information on splice variants of genes (Kahn, et al., BMC Bioinf. 2007;8:75).

http://discover.nci.nih.goVv (lead software engineer: D. Kane, SRA)
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The Miner Suite: Tools for Integromic Research

Input: DNA, RNA, Protein, Functional, Structural, GBG Software:

Chemical, Pharmacological, Clinical Data MIMminer
CIMminer

MatchMiner
GoMiner
MedMiner
AbMiner
LeadMiner
MethMiner
SmudgeMiner
CellMiner
SpliceMiner

Microarray Data Molec. Interaction Maps

LI

O

External
Resources:

Spotfire
GenBank
GeneCards
CGAP
MAEXxplorer
UniGene
UCSC
LocusLink
OMIM

Clustered Image Maps Chromosome Icons
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CiMminer: Clustered Image Maps (CIMs)

T Cells

http://discover.nci.nih.gov

Cells
Weinstein et al, Stem Cells, 1994
> \Weinstein et al, Science, 1997
Myers...Weinstein, Electrophor.,1997
Eisen et al, PNAS, 1998




Electronic Molecular Interaction Map (eMIM) (http://discover.nci.nih.gov)
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Perspective article: Aladjem, et al.,
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SpliceMiner Input

| (Kahn, Zeeberg, et al., BMC Bioinf., 2007) |




SpliceMiner Output

| GeneSymbol || Alernate Symbols || Chromosome | Strand | Start || Stop | TotalExons |
| FBLN1 | FBLN I 22 |+ || 44219258 | 44317551 | 24 |
Exons

1 2 4 5§67 8 0 10 11 12 13 14 15 16 17 18 1922 73 24
AF126110 HHHHHHHHHHHH EHEHE
BC022497 EHHEHH L
NM_001996 EEHEHEHHHEHEHE ]
NM 006485 EHHEHE R e ]
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UQ1244  9query.fegifterm=NM_00G486 Exon 16.0 Start: 44274488 Stop: 441?5@.-
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Leadscope/LeadMiner: From Genes to Chemical Substructures

Flow in one portion of NCI Drug Discovery Program
~500,000 cmpds >70,000 cmpds
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Leadscope/LeadMiner: From Genes to Chemical Substructures

Indolonaphthoquinones

(Blower, et al., Nature's Pharmacogenomics Journal 2:259, 2002)




Leadscope/LeadMiner: From Genes to Chemical Substructures

(Blower, et al., Nature's Pharmacogenomics Journal 2:259, 2002)




Integromics: Translational Vignettes




Integromic Vignette 1. Pharmacogenomics

Asparagine Synthetase Expression

and

L-Asparaginase Activity




Rationale for Therapy with L-Asparaginase
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Correlating Gene Expression Pattern with Drug Activity (CIM)

-

Drugs (clustered)

(Scherf, et al., Nature
Genetics 24: 625, 2000)
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ASNS Expression vs. L-ASP Activity in the NCI-60 Cell Lines
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Scherf et al., Nat Genet (2000); Bussey et al., Mol Ca. Ther (2006); Lorenzi et al., Mol Cancer Ther, submitted



ASNS Protein Expression after siRNA Transfection
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Response to L-ASP After siRNA Knock-down
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Multidrug Resistance and the ASNS/L-ASP Relationship
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Ovarian Cancer Tissue Array




Conclusions: L-Asparaginase

There is a pharmacogenomic / pharmacoproteomic relationship between L-
ASP activity and the expression of ASNS in ovarian cancer cell lines.

That relationship is causal (SIRNA expts).
The relationship is not affected by classical multidrug resistance.

The findings provide rationale for clinical testing of L-ASP against low-ASNS
subsets of ovarian cancers with ASNS as a causally linked biomarker.
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